Abstract-This paper introduces a scalable framework to coordinate the net load scheduling, sharing, and matching in a neighborhood of residential prosumers connected to the grid. As the prosumers are equipped with smart appliances, photovoltaic panels, and battery energy storage systems, they take advantage of their consumption, generation, and storage flexibilities to exchange energy with neighboring prosumers through negotiating on the amount of energy and its price with an aggregator. The proposed framework comprises two separate multi-objective mixed integer nonlinear programming optimization models for prosumers and the aggregator. Prosumers' objective is to maximize the comfort level and minimize the electricity cost at each instant of time, while aggregator intends to maximize its profit and minimize the grid burden by matching prosumers' supply and demand. The evolutionary nondominated sorting genetic algorithm-III (NSGA-III) is employed to generate a set of feasible nondominated solutions to the optimization problem of each individual prosumer and the aggregator. As a bilateral negotiation between each prosumer and the aggregator results in significant computational and communication overhead, a virtual power plant is introduced as an intermediator on behalf of all prosumers to proceed the negotiation with the aggregator in a privacy-preserving noncooperative environment, where no private information is shared. Hence, an automated negotiation approach is embedded in the framework, which enables the negotiators to reactively negotiate on concurrent power and price using private utility functions and preferences. To converge to an acceptable agreement, the negotiation approach follows an alternating-offer production protocol and a reactive utility value concession A. G. Azar was with the Department of Engineering, Aarhus University, 8000 Aarhus, Denmark, and is now with the Department of Applied Mathematics and Computer Science, Technical University of Denmark, Kongens Lyngby 2800, Denmark (e-mail:, agaz@dtu.dk).
strategy. The effectiveness of the framework is evaluated by several economic and environmental assessment metrics through a variety of numerical simulations.
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NOMENCLATURE

Constants
Maximum (dis)charging power of a BESS (kW).
Indexes k, k, j, ι, i Behavior matrix, behavior pair, appliance, negotiation iteration, prosumer, and time interval. Sets AP, P Set of appliances, and prosumers. lp Load profile of an appliance. R, B, N Real, Binary, and Natural numbers.
The zone of agreement in the negotiation. τ (t)
Load demand of an appliance (kW). B e (t) Amount of energy stored in a BESS (kWh).
B c(d) (t) (Dis)Charging power of a BESS (kW). υ c(d) (t) Binary (dis)charging status of a BESS. BM (t)
A behavior matrix.
BP (t)
A behavior pair.
dec (t)
Binary decision variable of operating an appliance. ω (ι)
Reactive concession value.
Π (ι)
Desired utility value.
p (t) Electricity price ($/kWh). Z (t)
Set of feasible desired offer packages.
Z (ι)
Subset of feasible desired offer packages.
flex (t)
Binary flexibility status of an appliance. σ (ι)
Offer package. ℵ (t) , ℵ (t) Power exchanged between a prosumer/aggregator and the grid (kW). ϕ (ι)
Offer package projection weight. PV g (t) PV generation (kW).
SI (t)
Satisfaction index. ς (ι)
Time-dependent concession value. χ (ι)
Weighted offer package.
I. INTRODUCTION
A. Motivation and Problem Statement
O WING to the advanced communication, data processing, and control systems, the smart grid from a global perspective is a promising technology for increasing the grid integration of renewable energy sources (RESs), such as photovoltaics (PVs), as well as battery energy storage systems (BESSs) [1] . Such integration leads to the enhancement of grid services, e.g., peak demand reduction, and, therefore, provides system operators with a capability of an efficient and optimal management of the power grid. Although electricity prosumers are also benefiting from the smart grid technology by flexibility utilization and electricity bill reduction as a consequence of responding to demand response incentives, they are not involved directly in the benefits of this technology [2] . In other words, prosumers, without having collaboration with aggregators, do not have enough authority, in terms of flexibility, to be able to individually participate in a dynamic bilateral decision-making procedure, which could provide them with the opportunity to influence the amount of electricity they receive (inject) from (to) the grid as well as the electricity price [3] .
Realizing such an interactive and fair bilateral trade is challenging due to lack of: i) a scalable framework, in terms of the number of consumers, to coordinate the scheduling, sharing, and matching tasks, ii) a practical real-time decision-making model to consider the dynamic behavior of the prosumers' load demands and RESs' generation, and iii) an efficient negotiation approach to enable the coordination in a privacy-preserving environment, in which neither prosumers nor aggregators (or system operators) share their sensitive information, such as flexibility information and objective functions, with each other.
B. Related Work
Efforts have been devoted to solving the coordination problem in two interrelated zones: transmission-distribution system operators (by e.g., proposing decentralized decision-making algorithms for optimal power flow implementation while respecting the operators' autonomy and information privacy [4] ) and scheduling, sharing, and matching between a set of end users. The latter has recently received much attention, where the proposed solutions in the literature fall into two categories, i.e., centralized and distributed. In the former, a centralized coordinator receives load demand scenarios accompanied with available flexibility of prosumers and attempts to match supply and demand according to peer-to-peer energy sharing model with price-based demand response. Such approaches comprise a single-objective or multi-objective optimization model to reduce prosumers' electricity bills, flatten the aggregated peak demand, or maximize comfort level [5] - [11] . The main issues with the centralized approaches include having no guarantee in balancing demand and supply, nonscalability, unfair energy trading pricing, and prosumers' privacy violation. Distributed approaches, which attempt to address the issues raised for centralized approaches, propose distributed energy management systems based on model predictive control methodologies under a dynamic pricing system. The works presented in [12] - [20] are some examples of proposing day-ahead or real-time demand-side management systems for peer-to-peer exchanging of electricity between prosumers, equipped with PVs and BESSs, where the pricing and trading contracts are handled by submission-based, iterative or (non)cooperative game theory mechanisms. Even though these mechanisms are able to achieve an exact demand supply balance based on a dynamic pricing scheme, they should, however, access to a complete list of preferences, full information of aggregated consumption/generation profiles, which violates privacy. Moreover, no negotiation takes place between prosumers, and excess energy is injected to the grid at a fixed price rate defined by the grid rather than prosumers.
C. Contributions and Organization of the Paper
This paper, to address the above-mentioned challenges and fulfil the existing gaps, makes the following contributions: 1) We propose a scalable noncooperative framework to coordinate the scheduling, sharing, and matching tasks of prosumers and the aggregator. Its principal advantageous is that the trading amount, which depends on prosumers' real-time available flexibility, and trading price, which is subject to considerable fluctuations in the market, is codecided by all the prosumers. This implies that each prosumer has an equal privilege and is able to switch its interaction mode (buyer/seller) at any time instant. Fig. 1 shows an overview of the proposed framework. 2) We develop two practical multi-objective mixed integer nonlinear programming (MO-MINLP) optimization models for prosumers and the aggregator enabling them to negotiate their energy in the framework. They are tailored the framework in such a way that help prosumers and the aggregator quantify their possible social and financial benefits throughout the negotiation. The first model assists prosumers in scheduling their appliances and sharing/satisfying their surplus/demand with/through the grid. It confronts the conflicting objectives of maximizing the comfort level and benefit considering the available flexibility of each prosumer [10] , [21] . The second model serves the aggregator to simultaneously maximize the profit and minimize the grid purchase [22] . It enables the aggregator to match supply and demand in the grid considering prosumers' interaction mode. We employ the nondominated sorting genetic algorithm-III (NSGA-III) [23] to help prosumers and the aggregator strategically make tradeoffs over nondominated solutions, where each solution declares the amount of power to sell/buy and the corresponding price.
3) We introduce a bilateral multi-issue negotiation approach incorporated into the framework to enable the aggregator to negotiate with a virtual power plant (VPP), as an intermediator on behalf of prosumers. An alternative solution, though with high overheads, is concurrent bilateral negotiations between prosumers and the aggregator. Such approach might not facilitate such a complicated decision-making process, since computationally, it would be a high-burden mechanism to reach an overall agreement during the negotiation procedures, and infeasible aggregated matching solutions might be obtained when the amount of power traded by each prosumer changes over the negotiation process. Of particular interest is that the proposed negotiation approach is conducted in a noncooperative environment [24] , where no private information (i.e., flexibility information and utility functions) is shared between the negotiators. This approach is based on an alternating-offer production protocol and a novel reactive utility value concession strategy guaranteeing convergence to a unanimous feasible agreement. Negotiators own nonlinear, continuous, and strictly concave utility functions. They start the negotiation with an offer package (made with nondominated solutions) providing the highest possible utility value. They reactively concede to their predefined reservation offer packages (the degraded but still feasible) within a predefined number of negotiation iterations. They neither propose nor accept any offer package with utility values lower than their reservation utility values. To help negotiators identify the most beneficial offer package, a novel evaluation metric, named satisfaction index, is presented to quantify each offer package according to the amount of flexibility used and the profitability of the price offered.
The rest of paper is structured as follows: Section II presents the system architecture of the framework; Section III introduces the NSGA-III for solving the MO-MINLP problems; Section IV describes the negotiation approach; Section V provides the simulation setup and discusses the results; and, Section VI concludes the paper and outlines the future work.
II. SYSTEM ARCHITECTURE
This paper considers a smart grid including m ∈ N prosumers P = {ρ 1 , . . . , ρ i , . . . , ρ m }, which communicate with an aggregator through a VPP (modeled in Section IV-A). Appliance a j,i ∈ AP i , 1 ≤ j ≤ n i ∈ N is either nonshiftable (e.g., refrigerator) or shiftable (e.g., electric vehicle). Shiftability feature provides the prosumer with a flexibility degree to interrupt the operation of appliances [10] , [25] . Let
A. Prosumers
where α j,i , β j,i ∈ Z ≥0 are the "desired operation start" and "normal operation end" times of appliance a j,i , following a specific load profile lp j,i . Then, τ j,i (t) ∈ R ≥0 (kW) specifies the amount of power the appliance needs to operate between each two time intervals t and t + Δt. Note that Δt ∈ N is the time interval resolution. dec j,i (t) ∈ B is the binary decision variable of the corresponding load. Decision variables for nonshiftable appliances are always one. Equation (1) ensures that the energy needed for each appliance over a given time horizon is fully satisfied. Equation (2) states that load demands at each time interval are satisfied through
, denoting the power transferred from the PV, the BESS, and the grid to appliances, respectively. dec j,i (t), as modeled in (3), is affected by the corresponding binary flexibility status flex j,i (t) ∈ B. The status is updated according to the flexibility deadline θ j,i ∈ Z ≥0 , which is adjusted by the prosumer, defining for how long the prosumer is flexible in having the appliance's operation finished after its normal end time [26] . Each prosumer is equipped with a locally installed PV system (behind the meter). Let
∈ R ≥0 (kW) are the amount of power generated by PV at time interval t and PV's maximum generating capacity, respectively.
are the amount of power transferred from the PV into the BESS and the grid, respectively [27] . Demand for electricity changes through the day and does not necessarily match with the PV production. BESSs, by storing the energy during off-peak, utilizing it during peak periods, or selling it to the grid, can alleviate such challenges. Let
where
∈ R > 0 (kWh) are the amount of energy stored in the BESS until time interval t and the BESS capacity,
(kW) denote the amount of power the battery is "charged" and "discharged" with, respectively. The operation of the BESS is controlled by υ c i (t) , υ d i (t) ∈ B, as binary charging and discharging variables, respectively. Equation (10) prevents the BESS from being charged and discharged simultaneously. Thus, the BESS, at each time interval, can either be charged, discharged, or remain silent. Notations i ∈ R > 0 (kW), as maximum possible charging and discharging power, respectively [28] .
Thus, the following defines the optimization model, which is applicable to each independent prosumer ρ i ∈ P:
maximize
subject to
where the prosumer faces a multi-objective optimization problem involving two objective functions solved simultaneously. Equation (11) aims at maximizing the prosumer's comfort level by satisfying as many load demands as possible and charging its BESS as much as possible. The reason for considering the charging completeness of the BESS [29] in (11) is twofold: 1) to allow wide solution-space exploration by making the corresponding objective function continuous. With empty battery, due to the discrete nature of appliances (ON and OFF), the demand profile would also be discrete, and 2) to store energy during low-price and utilize it (to either satisfy load demands or inject it back to the grid) during high-price periods. Equation (12) intends to maximize the prosumer's profit by selling more power to the grid. These two objectives are in conflict with each other, since trying to inject more power to the grid results in jeopardizing the prosumer's comfort level and vice versa. ℵ i (t) ∈ R (kW) is the desired amount of power the prosumer strives to exchange with the grid coupled with a price offer p i (t) ∈ R > 0 ($/kWh). This price is selected between p l (t) , p u (t) ∈ R > 0 ($/kWh) as the minimum and maximum offerable price for trading energy, respectively.
ℵ i (t) and ℵ i (t) are the optimum values for trading the power, which can maximize the comfort level, and profit, respectively, where
, all demanding appliances are allowed to operate and the BESS is fully charged. When ℵ i (t) = ℵ i (t), the profit is maximized and appliances, with no flexibility (flex j,i (t) = 0, ∀a j,i ∈ AP i ), are only allowed to operate. The remaining is sold to the grid. Prosumers are not allowed to buy and sell at the same time. Each prosumer at each interval can either be a buyer, i.e.,
B. Aggregator
The aggregator holds no physical connection with the grid and is only responsible for trading prosumers' flexibility in the market while making profitable contracts [30] . The aggregator makes decisions in response to prosumers' surplus and shortage based on the following optimization model:
where the aggregator, similar to prosumers, confronts with a multi-objective optimization problem making tradeoff over two objectives. Equation (18) attempts to maximize the aggregator's profit by selling more power to buyer prosumers with high price and buying less power from seller prosumers who offer prices higher than grid. This leads to buying more power from the grid. Equation (19) , however, aims at minimizing the grid burden. ℵ i (t) ∈ R (kW) is the amount of power the aggregator is interested in trading with prosumer ρ i with a price offer p i (t) ∈ R > 0 ($/kWh). Equation (20) prevents the aggregator from requesting buyer prosumers to sell and vice versa. ℵ A (t) ∈ R (kW) is the amount of electric power that the aggregator exchanges with the grid (matching supply with demand).
are the grid's prices for buying/selling energy from/to the aggregator, respectively.
III. NSGA-III: AN EVOLUTIONARY MULTI-OBJECTIVE OPTIMIZATION ALGORITHM
Typically, there exists no unique optimal solution to multiobjective optimization problems of prosumers and the aggregator including multiple conflicting criteria. Hence, the concept of an optimal solution is replaced by the set of nondominated solutions in the objectives space. A nondominated solution is a solution from which moving to any other solution requires a tradeoff with at least one objective value. This paper employs the evolutionary NSGA-III [23] , [31] to produce K ∈ N feasible and well-spread solutions to the optimization problem of each independent prosumer as well as the aggregator, using a systematic decomposition-based referencepoint-based nondominated sorting approach. These solutions lie on the first Pareto-front (after running a pre-defined number of generations). The NSGA-III places reference points on a rectangle with a number of divisions along each objective axis in the objective space [23] . This approach is maintained by making one individual solution associated with one reference point. Therefore, the generated solutions are likely to be widely distributed on the Pareto-front, since the reference points are widely distributed on the objective space. The computational complexity of one generation of the NSGA-III is O 2 · K 2 , whereas for the NSGA-II it is O 2 · K 3 [32] . The main part in the NSGA-III is to generate an initial set of feasible solutions. For each prosumer ρ i ∈ P, let
where behavior pair BP k i (t) , 1 ≤ k ≤ K is a feasible solution to the prosumer's optimization problem. Fig. 3 shows how such behavior pair, according to (1)- (10) and (13)- (17), is randomly generated. Depending on the prosumer's status (i.e., buyer, seller, or silent), satisfaction index SI k i (t) ∈ (0, 2] is a measure, which shows to which extent BP k i (t) uses the available flexibility and provides a more beneficial price offer [8] , [12] . This index is maximized when a buyer prosumer purchases the lowest possible amount of power (ℵ i (t)) at the lowest possible price (p l (t)) or a seller prosumer sells the maximum possible amount of electricity (ℵ i (t)) at the highest possible price (p u (t)). Similar to prosumers, the aggregator also benefits from the NSGA-III to generate K feasible nondominated solutions to its optimization problem. Let Fig. 4 shows how a feasible behavior matrix, according to (20) , is randomly generated. Each of which is the aggregator's action in response to the behavior pair 
IV. NEGOTIATION APPROACH
Prosumers' rational behaviors are more conspicuous when the uncertainty about the aggregator's decision space increases. This paper employs a novel negotiation approach, proposed in [24] . This approach facilitates the concurrent negotiation on power and price with offer packages between negotiators provably coming to an agreement, given that negotiators are reactive and no private information is shared. To the best of our knowledge, this paper is among the first attempts that tackles the peer-topeer automated energy trading problem with designing (close to real-life) MO-MINLP models integrated with a fully adaptive real-time negotiation approach.
A. Formulation of Offer Packages and Utility Functions
This paper, to alleviate the challenges of parallel bilateral negotiations between m prosumers and the aggregator, utilizes an intermediate VPP to negotiate on behalf of prosumers. The negotiators (i.e., the VPP and the aggregator) conduct the negotiation procedure between each two time intervals t and t + Δt for maximum T ≥ 2 ∈ N iterations, which is set arbitrarily. The following defines how an offer package for each negotiator is formulated and evaluated through its relevant utility function defined.
1) VPP:
Let
where σ V (ι) is an offer package that the VPP produces and sends to the aggregator at negotiation iteration 1
where ψ V ∈ [0, 1) is the VPP's private, continuous, and strictly concave utility function [24] , [33] . Due to privacy concerns, negotiators have no knowledge about each other's utility function. Basically, such functions return the utility value of a single offer package, e.g., σ V (ι) , ∀ι ≤ T , by receiving its corresponding satisfaction index, i.e., SI V (ι). This satisfaction index is the union of satisfaction indexes SI
. . .
where σ res V (t) is the reservation offer package of the VPP including prosumers' reservation behavior pairs BP res i (t) , ∀ρ i ∈ P. ℵ res i (t) ∈ R (kW) and p res i (t) ∈ R > 0 ($/kWh) are the reservation power and price offers of prosumer ρ i at time interval t. Prosumers in the worst case have to satisfy appliances with no flexibility remained (flex j,i (t) = 0, ∀a j,i ∈ AP i , ∀ρ i ∈ P) and utilize the electric power generated by the PV completely. Then, the reservation price offer, depending on the status of the reservation power, will either be the lowest or highest possible offerable electricity price. SI res V (t) ∈ (0, 2], as the satisfaction index of σ res V (t), is the union of SI res i (t) ∈ (0, 2] , ∀ρ i ∈ P (calculated by (23)) associated with BP res i (t) , ∀ρ i ∈ P. VPP will not accept any offer package with the utility value less than
where σ A (ι) [equivalent to k-th behavior matrix, see (24) ] is an offer package that the aggregator produces and sends to the VPP at negotiation iteration ι. Let
where ψ A ∈ [0, 1) is the aggregator's private, continuous, and strictly concave utility function [24] , [33] . Let
where σ res A (t) is the reservation offer package of the aggregator denoting m · min ∀ρ i ∈P ℵ i (t) amount of electric power must be exchanged (in the worst case) with the grid for p l (t). It is coupled with a satisfaction index SI res A (t) ∈ (0, 2] (calculated by (26) ). Similarly, the aggregator will not accept any offer package with the utility value less than ψ A (SI res A (t)). The negotiation approach, to guarantee the convergence to an acceptable agreement in a noncooperative environment within a reasonable time frame, requires negotiators to define private reservation offer packages, formulated as the worst but still feasible offer packages [24] . The VPP, by (30) , ensures all prosumers that their nonflexible appliances operate uninterruptedly until completion. The aggregator, on the other hand, is guaranteed by (36) to receive the lowest possible profit, despite having the lowest possible amount of exchange.
B. Negotiation Protocol and Strategy
We employ an alternating-offer production protocol [34] , where the VPP produces an offer and the aggregator either accepts it or makes a new one. The negotiation begins with offer packages produced with the highest possible utility values and continues with offer packages with lower utility values until reaching the reservation offer packages. It terminates when both negotiators accept the offer on the table or it reaches iteration T . Negotiators, at each negotiation iteration, produce (and only accept) an offer package that provides a utility value equivalent to or higher than their desired utility value at that iteration (or their reservation utility value). To produce new offer packages over negotiation iterations, they follow reactive utility value concession strategy [24] . It assumes negotiators are reactive to the concession strategies of the other agents. Their concession rate depends on whether the current offer of the opponent negotiator provides higher utility value than the negotiator's reservation utility value and the negotiator's perception of how much the other party has conceded. It is also assumed that each negotiator's utility value obtained by an agreement is higher than the one with no agreement. Therefore, they prefer to concede over risking negotiation breakdown. Let
where ς V (ι) , ς A (ι) ∈ [0, 1) are monotonically decreasing timedependent concession values of the VPP and aggregator, respectively. Their values only depend on each negotiator's reservation utility value and the number of negotiation iterations passed with the decay rate ∈ R > 0 [35] . One reason for a negotiator to stop decreasing its desired utility value over time is to gain higher utility. This happens when the other negotiator, without realizing that the negotiator has stopped conceding, accepts time-dependent concession values at all negotiation iterations. This behavior is called the "deliberate stopping of concession." As a result, let for σ A (ι) and σ A (ι − 1), respectively. The aggregator, by using (26) , follows a similar procedure. Then, let
where Π V (ι) , Π A (ι) ∈ [0, 1) are desired utility values of the VPP and the aggregator at iteration ι, respectively. To produce a new offer package based on Π V (ι) , Π A (ι), ∀ι ≤ T , let us assume Z V (t) (including maximum K m offer packages) and Z A (t) (including maximum K possible feasible offer packages) are the convex feasible offer package sets of the VPP and the aggregator, respectively. These offer packages provide negotiators with utility value equivalent to or no less than their reservation offer package's utility value. For an agreement to exist, let Z (t) = Z V (t) Z A (t) = ∅, ∀t remain unchanged during the negotiation, where Z (t) is the zone of agreement denoting the common intersection of the feasible offer package sets. If an offer package is within Z (t), a negotiator may not accept it if it yields a utility value lower than the negotiator's current desired utility value [24] . To make an acceptable agreement, negotiators keep conceding to their reservation utility values subject to the nonempty zone of agreement at each time interval. Geometrically speaking, the main goal is to find a point in the zone of agreement, under the restriction that this zone is unknown to negotiators and none of them has any explicit knowledge about each other's utility functions [24] .
Let ι be the negotiation iteration when it is the VPP's turn to produce a new offer package. 
, ∀ι ≤ T is the continuously expanding feasible offer package subset of the VPP. The aggregator at iteration ι + 1 updates
where each provides the aggregator with a utility value equivalent to Π A (ι + 1). Z A (ι) ⊆ Z A (t) , ∀ι ≤ T is the continuously expanding feasible offer package subset of the aggregator. Let
where P is the operator of projecting the weighted offer package χ (ι), created based on the latest offers made by all agents, on current continuously expanding feasible offer package subsets Z V (ι) and Z A (ι) [36] . arg min · is the Frobenius norm with argument of minimum. This method generates an offer that is acceptable to the relevant negotiator and is closest (in terms of Euclidean distance) to the weighted offer package χ (ι). Notations ϕ V (ι) , ϕ A (ι) ∈ (0, 1) are the weights that each negotiator puts on the other's offer package.
C. Algorithms of the Overall Computational Steps and the Negotiation Approach
Algorithms 1 provides the pseudocode for the overall computational steps in the framework between each two time intervals t and t + Δt. Prosumers, e.g., via their home energy management gateways, independently forward their behavior and the reservation pairs to the VPP. At the same time, the aggregator produces its own behavior and reservation matrices. Both the VPP and the aggregator are most likely hosted e.g., in the cloud. Then, as Algorithm 2 describes, the negotiation approach starts with the second iteration and continues for maximum T iterations. Finally, the VPP returns the indexes of agreed behavior pairs to the prosumers. Algorithm 2 basically follows the negotiation protocol and strategy developed in Section IV-B. We define a binary flag IsConverge to determine when the negotiation approach, apart from reaching the maximum number of iterations T , terminates. Depending on the negotiator's turn determined by S ∈ B, the corresponding negotiator attempts to produce a new offer package, whereas the other negotiator remains with its previous offer package. Following the same principle, F ound ∈ B assures whether a temporarily produced offer package is equal to the desired utility value. Fig. 5 conceptualizes the offer package space showing how the VPP and the aggregator negotiate with each other over, for example, T = 9 iterations [24] . Offer packages existing on each concession curve have equal utility values (see lines 16 and 35 in Algorithm 2). The negotiation terminates when the maximum of Euclidean distances between the current iteration's offer packages and the weighted offer package are less than a constant convergence tolerance δ ∈ R > 0 (see line 48 in Algorithm 2). The computational complexity of the negotiation approach is O (T · m · K) [24] .
D. Solution Concept for the Negotiation Approach
Zheng et al. [24] analytically demonstrate that the solution concept for the proposed negotiation approach is in the spirit of Herbert Simon [37] . The negotiation approach, without computing all solution points (i.e., offer packages), yields a performance sufficiently close to the Nash bargaining solution [38] . The scale of the utility value of each negotiator is of no critical importance, as long as the reservation utility value and the scale of concession are consistent with the utility value. The negotiation converges in maximum T iterations, if they concede to reservation utility values in the worst case and the zone of agreement is nonempty. The convergence holds for all strictly concave utility functions irrespective of the specific concession strategy the negotiators adopt.
V. NUMERICAL SIMULATION AND DISCUSSION
This section evaluates the performance of the proposed framework, which has been implemented in MATLAB R2017a running with 16 Intel 2.3 GHz Xeon E5-2686 CPUs and 64 GB memory. All simulation results have been averaged over 100 independent runs.
A. Performance Assessment Metrics
To assess the performance of the framework, we define the following metrics: peak demand reduction (PDR) to determine how much the peak demand is shaved; peak-to-average ratio (PAR) to measure how much higher the peak demand is than average demands in a single simulation; average appliance operation delay (AOD) to measure the delay in delivering appliances in the completed status; average flexibility usage rate (FUR) to determine how much of prosumers' flexibility is traded in the market; average prosumer cost-benefit (PCB) to study how much money the prosumers averagely earn/spend with and without exchanging power with the grid; average self-load-satisfaction rate (SLR) to measure the local self-satisfaction of prosumers; and average self-sufficiency rate (SSR) to evaluate PVs' capability in maximizing the comfort level of prosumers without purchasing any amount of power from the grid. Table I lists the inputs and Table II describes consumption scenarios, assumed constant in simulations, unless otherwise stated. For the PV generation profile, the real data are captured from the UCLA Ackerman Union and scaled down from the capacity of 35 to 7 kW [39] . Operation and flexibility times are randomly generated by the normal distribution N (μ, σ 2 ) with mean μ ∈ R and variance σ 2 > 0. Load profiles of appliances are captured from [40] , [41] with time resolution of Δt = 1 h. Nissan Altra is chosen as the electric vehicle with an empty battery at arrival and fully charged battery at departure. The deadline flexibility concept from the perspective of an air conditioner is the comfortable temperature range, where 25
B. Simulation Setup and Scenario
• C and ±3
• C are prosumers' desired temperature set point and flexibility, respectively. Note that a full simulation starts at midnight and terminates when the last appliance finishes operating. Real-time hourly electricity prices are captured from Nord 
C. Analysis and Discussion
Fig . 6 shows the offer package and utility value concession spaces of randomly picked time intervals in different circumstances for 100 prosumers. Points in the offer package spaces, for the sake of simplicity, represent the summation of power and the average of price values of columns in the behavior matrices. Utility values are unitless, [see (28) and (35)]. In Fig. 6(a) , no PVs and BESSs are considered. The VPP, for example at negotiation iteration ι = 15, is interested in buying 1630 kW of electric power for 0.0145 $/kWh. The aggregator, then, rejects this offer and makes a new one intending to sell 2180 kW of electric power for 0.022 $/kWh. They continue negotiating until iteration ι = 31, at which they come to an agreement on exchanging 2000 kW of electric power for 0.016 $/kWh. Fig. 6(b) shows the negotiation process, where all prosumers own PV and BESS. They reach an agreement after exactly 100 negotiation iterations. Having an equal utility value at iteration ι = 85 does not terminate the negotiation, since the VPP provides an offer package with selling 8385 kW of electric power for 0.0227 $/kWh, whereas the aggregator returns another offer package with buying 4738 kW of electric power for 0.0212 $/kWh. Fig. 6(c) experiences the same setting as Fig. 6(b) does, where negotiators reach an agreement after 71 negotiation iterations. Reasons for having unequal number of buyer and seller prosumers are the absence of PV generation (when there is no sun), presence of BESSs with average state of charge of 48%, and all refrigerators, 23 dishwashers, 12 newly arrived electric vehicles, and all air conditioners in operation. Fig. 7 demonstrates how increasing the number of prosumers influences the average computation time and the negotiation convergence at each time interval. It proves that the proposed framework is scalable, since in practice, as described in Section IV-B, it will be executed in a fully distributed manner. In that case, the NSGA-III for each prosumer (or the aggregator) would approximately take 0.6 s. To evaluate the practicality of the framework, we revise the framework to have parallel bilateral negotiations between prosumers and the aggregator (without VPP), enabling us to compare with the concept of the single bilateral negotiation introduced in this paper (with VPP). Table III compares these scenarios with respect to the average computation time of the overall framework and negotiation convergence at each time interval. For example with m = 900 prosumers, having no VPP results, in average, 37.04% more computation time. The computation time of the NSGA-III is independent of the presence of the VPP. Furthermore, in this scenario, CPU and memory usages of the whole simulation are 79% and 42 GB, respectively. However, these values for the computation device of each party, in the presence of the VPP, are 34.6% (of a single core CPU) and 960 MB, respectively. Table IV evaluates the assessment metrics with respect to different number of prosumers. As more prosumers are involved, the VPP has more opportunities in utilizing prosumers' flexibilities enabling it for the following: 1) to decrease the delay in satisfying load demands of appliances in average; 2) to increase the PCB; and 3) to increase the PDR. Increase in SLR and SSR also depends on the generation profiles of PVs in different weather conditions and the BESS capacities, and decrease in FUR. Table IV) , here, the grid experience lower PDR since the amount of flexibility is restricted. Decrease in AOD and FUR (due to limited flexibility) increases SLR and SSR (desire to increase the comfort), since the VPP cooperates with the aggregator to increase the PDR and PCB. Table VI analyzes the behavior of framework in different weather conditions. Fluctuations in the PV generation limit the VPP, in terms of available flexibility, in the negotiation. Table VII evaluates the assessment metrics with respect to the various BESS capacities (in addition to the base BESS capacity). High BESS capacity provides prosumers with the following: 1) more flexibility in storing energy; 2) lower AOD; and 3) higher PCB by selling more to the grid. The VPP, by such increase in the capacity, is able to provide the grid with more flexibility, which, in turn, results in having higher PDR.
Table VIII evaluates the assessment metrics based on different appliance sets of 100 prosumers. A nonshiftable refrigerator yields no PDR and delay. Adding more shiftable appliances help prosumers provide the VPP with more consumption flexibility. Such increase has a direct correlation with the AOD and PCB, where prosumers benefit more whereas waiting for a longer Abbreviations for the optimization models denote: MILP: mixed integer linear programming; LP: linear programming; E-MPC: economic model predictive control; NLP: nonlinear programming; ADMM: alternating direction method of multipliers; and MO-MINLP: multi-objective mixed integer nonlinear programming. Furthermore, some references fail to provide adequate performance analysis considering the assessment metrics selected for comparison.
time to ensure have their appliances completed the operation. Simulation results confirm that a shiftable appliance contributes to the PDR in the grid and to the prosumer's PCB with averagely 0.1% and 0.37%, respectively.
Table IX makes a qualitative (system architecture) and quantitative (simulation results) comparative analysis between a number of relevant works and the proposed framework. Simulation results are captured/calculated directly from the references. However, some fail to provide adequate performance analysis considering the assessment metrics selected for comparison. The comparison validates that the developed framework outperforms the similar approaches in the literature considering the size of simulated system.
VI. CONCLUSION AND FUTURE WORK
This paper proposes a noncooperative framework for coordinating a neighborhood of distributed prosumers, which possess smart appliances, photovoltaics, and battery energy storage systems. Prosumers intend to maximize their comfort level and profit at the same time whereas the aggregator aims at maximizing its profit and minimizing the grid purchase, simultaneously. Prosumers are able to schedule their appliances and share surplus power with the grid. The aggregator controls the power matching over time. As a result, the framework faces two multi-objective mixed integer nonlinear programming models for prosumers and the aggregator.
To relieve the burden of parallel bilateral communications, between prosumers and the aggregator, a virtual power plant communicates with an aggregator on behalf of prosumers to take advantage of their consumption, generation, and storage flexibilities. This paper employs an efficient negotiation approach, in which the virtual power plant and the aggregator negotiate on packaged power and price offers subject to having no knowledge about each other's preferences and utility functions. This approach utilizes an alternating offer package production protocol and a reactive utility value concession strategy, where negotiators have no incentive to deliberately stop conceding while the zone of agreement remains nonempty.
Future work will focus on incorporating industrial and commercial prosumers, and adding a negotiation level between various aggregators.
